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Abstract
Background: Metastases are responsible for the majority of cancer fatalities. The molecular
mechanisms governing metastasis are poorly understood, hindering early diagnosis and treatment.
Previous studies of gene expression patterns in metastasis have concentrated on selection of a
small number of "signature" biomarkers.
Results: We propose an alternative approach that puts into focus gene interaction networks and
molecular pathways rather than separate genes. We have reanalyzed expression data from a large
set of primary solid and metastatic tumors originating from different tissues using the latest
available tools for normalization, identification of differentially expressed genes and pathway
analysis. Our studies indicate that regardless of the tissue of origin, all metastatic tumors share a
number of common features related to changes in basic energy metabolism, cell adhesion/
cytoskeleton remodeling, antigen presentation and cell cycle regulation. Analysis of multiple
independent datasets indicates significantly reduced oxidative phosphorylation in metastases
compared to primary solid tumors.
Conclusion: Our methods allow identification of robust, although not necessarily highly
expressed biomarkers. A systems approach relying on groups of interacting genes rather than single
markers is also essential for understanding the cellular processes leading to metastatic progression.
We have identified metabolic pathways associated with metastasis that may serve as novel targets
for therapeutic intervention.
Introduction
Metastasis (originating from Greek μετισταναι, to
change) is the single most important event changing the
course of cancer from manageable to fatal. For metastasis
to occur, tumor cells must acquire the ability to detach
from the original tumor, relocate through the blood or
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part of the organism [1]. In spite of intensive research [2-
11] there is no consensus regarding the origin of metas-
tases. According to one model, metastatic transformation
can be triggered in primary solid tumors by certain condi-
tions, while another model links metastatic potential to a
very rare subtype of tumor cells, occurring on the order of
one in many millions. Genetic background is also viewed
as an important determining factor in metastatic transfor-
mation [10,11]. This difference is important for both diag-
nostic and prognostic purposes.
Early cancer is clinically heterogeneous, and many
patients can have an "indolent" disease course that does
not significantly affect their survival. Once metastatic dis-
ease is documented clinically, the majority of patients die
from their tumors as opposed to other causes [12]. This
has led some researchers to consider the disease as a series
of "states" that include clinically localized tumors and
those that have metastasized, as a framework to assess the
clinical and biological factors associated with specific phe-
notypes and outcomes [13]. However, there are other
plausible concepts. Analysis of relations between different
molecular subtypes of cancer and identification of genes
specific to such subtypes is important for understanding
the biological basis for this clinical heterogeneity and thus
is critical in assessing prognosis, selecting therapy, and
evaluating treatment effects. Metastatic transformation is
a multi-stage process involving complex interactions
between tumor cells and the host [14]. Cells from primary
tumors must detach, invade stromal tissue, and penetrate
blood or lymphatic vessels by which they disseminate.
They must survive in the circulation to reach a secondary
site in which they lodge because of physical size or bind-
ing to specific tissues. To form clinically significant
tumors, metastatic cells must also adjust their metabolism
and signaling systems to proliferate in the new microenvi-
ronment. Tumor cells growing at metastatic sites are con-
tinually selected for their growth advantage. This is a
complex and dynamic process that is expected to involve
alterations in many genes and transcriptional programs.
Considerable amounts of gene expression data have been
deposited in public databases and/or are available upon
request from other investigators. Analysis of these data is
generally limited to one set at a time. However, recent
years have seen multiple attempts to conduct meta-analy-
sis across independent data sets. Among the more success-
ful of these is a study by Ramaswamy et al. of molecular
signatures of metastasis in primary solid tumors aiming to
elucidate the molecular nature of metastasis [7]. The
authors analyzed the gene-expression profiles of 12 meta-
static adenocarcinoma nodules of diverse origin (lung,
breast, prostate, colorectal, uterus, ovary) and compared
them with the expression profiles of 64 primary adenocar-
cinomas representing the same spectrum of tumor types
obtained from different individuals. They identified 128
genes differentially expressed between primary and meta-
static adenocarcinomas. A similar pattern was found in
some primary tumors, which suggests that a gene expres-
sion program for metastatic transformation is present in
some primary solid tumors. Further refining produced a
subset of 17 unique genes that the authors presented as
the most significant contributors to the difference
between primary and metastatic tumors and thus the
most likely diagnostic markers for the metastatic poten-
tial.
In this work, we present an alternative analysis of gene
expression data based on a holistic approach integrating
fragmented biological evidence and strengthening the
unreliable conclusions by bringing more data rather than
cutting straight to a few most consistent observations. We
start with the analysis of the same meta-set of metastatic
and primary tumors utilized by Ramaswamy et al., but
supplement the analysis by algorithms, methodology and
data not available to the original authors.
Data
The Ramaswamy et al. meta-set combines genes repre-
sented by different probes across multiple distinct micro-
array platforms (Affymetrix U95A, Hu6800 and Hu35K
oligonucleotide microarrays as well as Rosetta inkjet
microarrays) traced through by mapping to UniGene
build #147. The data have been scaled to account for dif-
ferent microarray intensities in a given set. Each column
(sample) has been multiplied in the data set by 1/slope of
a least-squares linear fit of the sample versus a reference
(the first sample in the data set) using only genes that had
'Present' calls in both the sample being re-scaled and the
reference. A typical sample (that is, one with the closest
number of 'Present' calls to the average over all samples in
the data set) was chosen as reference.
The authors performed thresholding using a ceiling of
16,000 units and a floor of 20 units then subjected gene-
expression values to a variation filter that excluded genes
with minimal variation across the samples being analyzed
by testing for a fold-change and absolute variation over
samples, comparing max/min and max - min with prede-
fined values and excluding genes not obeying both condi-
tions. The resulting data are available at http://
wwwgenome.wi.mit.edu/cancer/solid_tumor_metastasis.
Colorectal cancer data sets
The GDS756 dataset provided insight the progression of
cancer from primary tumor growth to metastasis by com-
parison of gene expression in SW480, a primary tumor
colon cancer cell line, to that in SW620, an isogenic met-
astatic colon cancer cell line. Both cell lines were derivedPage 2 of 13
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son of polysomal RNA from isogenic cell lines established
from a colorectal cancer (CRC) patient [6]. The cell lines
constitute a cellular model of CRC transition from inva-
sive carcinoma to metastasis. The RNA samples were sub-
mitted to microarray analysis using the HG-U133A chip
from Affymetrix, (Santa Clara, CA). Three biological repli-
cates were carried out for each cell line and six hybridized
arrays obtained. Raw data were analyzed using two micro-
array analysis software packages, dChip (13) and R-
Robust Microarray Analysis (R-RMA) (14). We have
downloaded and used these data sets from GEO (GDS756
and GDS1780). Each data set contains 22283 features
(probesets) and 6 columns (samples) representing two
contrast classes, each with three replicate experiments.
Breast cancer data
The data set we used in this study was downloaded from
the GEO database (GDS2617); it contains 22283 probe
sets. Tumorigenic and non-tumorigenic breast cancer cells
were compared. Tumorigenic breast cancer cells were con-
sidered those expressing cell-surface proteins CD44 and
CD24. Tumorigenic breast cancer cells isolated from 6
individuals were compared with normal breast epithe-
lium derived from 3 individuals. In terms adopted by the
authors of the original paper [4], tumorigenic cancer sam-
ples are those with invasive potential, resulting in meta-
static progression.
Methods
Overview of the analysis pipeline
The general overview of the analysis pipeline is given in
Supplemental Figure 1 (Additional File 1). Our pipeline
includes most of the standard analysis steps, but has a few
important differences. We extend the analysis to maxi-
mize the advantage of pathway analysis. The genes impor-
tant for understanding the biological processes involved
in metastatic transformation are selected not solely by the
difference in signal emitted by microarray probes. Instead,
we concentrate on the "group behavior" of genes, their
ability to interact and pre-existing annotation placing the
genes into the same biological pathway, linking to the
same cellular function. Thus, the inference is done with
very liberal selection criteria and not adjusted for multiple
testing. We select a large list of potentially differential
genes which may contain a large number of false-posi-
tives. We then select biological pathways, molecular func-
tion and GO terms which are over-represented in the
initial intensity-based list. The benefits of the use of path-
way and ontological analyses of microarray data have
been presented previously [15,16]. More recent GSEA [17]
and SAFE [18] methods can be very effective in highlight-
ing the joint effect of a group of genes which may not be
significantly differential if considered one by one. How-
ever, these methods require additional assumptions that
may not be correct in every study. The significance of bio-
logical pathways is estimated through a variation of
Fisher's exact test as implemented in Metacore or IPA and
adjusted for multiple testing using Benjamini-Hochberg
FDR analysis (which is a build-in function of GeneGo
Metacore software). Single genes that do not map into any
statistically significant pathway (i.e. missing all regulators,
downstream targets, ligands and other components neces-
sary for a functional molecular mechanism) may be still
considered significant if reproducible and independently
validated in additional experiments. However, in our
analysis pipeline we leave such genes out regardless of
their individual difference between primary and meta-
static samples in a particular experiment. Our approach is
based on collective effects of the groups of genes inter-
linked by functional relationships, which is inapplicable
to some genes lacking information on function, regula-
tion and interaction with other genes.
Biological pathways significantly overrepresented in the shortlist of genes differentially expressed between primary solid and metastatic tumors (Ramaswamy et al. data set)F gure 1
Biological pathways significantly overrepresented in the shortlist of genes differentially expressed between primary solid and 
metastatic tumors (Ramaswamy et al. data set).Page 3 of 13
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The data were normalized using a quantile algorithm sim-
ilar to one described by Bolstad et al. [19]. We applied our
own C++ software for normalization, available from A.
Ptitsyn upon request. Box-plots for pre-normalized and
normalized expression value distributions are shown in
Supplemental Figure 2 (Additional file 1).
Preliminary selection of differentially expressed genes
A set of differentially expressed genes was selected using
University of Pittsburgh Gene Expression Data Analysis
suite (GEDA, http://bioinformatics.upmc.edu/GE2/
GEDA.html). For selection, we applied the standard J5
metric with threshold 4 and optional 4 iteration of Jack-
knife procedure to reduce the number of false-positive dif-
ferential genes [20]. Both J5 metric and threshold
parameter are standard pre-set values recommended by
the developers. We did not attempt to estimate the confi-
dence level of individual genes and used J5 not as a statis-
tical test, but as a selection procedure providing a shortlist
of genes deviating from the expected average value and
enriched with differential genes. The MA plot showing
selected differential genes is presented in Supplemental
Figure 3 (Additional File 1). Notably, the plot shows a bal-
anced representation of moderately and highly expressed
genes, i.e. the categories most appropriate for selection of
diagnostic biomarkers. Application of selection proce-
dures biased away from highly expressed genes may reveal
truly differential genes, but fewer suitable biomarker can-
didates. We then applied DAVID web-based tools to per-
form functional annotation of all potentially differential
genes selected by GEDA. The complete annotated lists for
analyzed data sets are given in the Supplemental Materials
(Supplemental Tables 2, 3, 4 and 5 found in Additional
File 1).
Functional annotation and pathway analysis
Analysis of biological pathways was performed using Met-
aCore software (GeneGo Inc.), Ingenuity Pathways Analy-
sis (Ingenuity Systems Inc.) and free DAVID tools [21].
Results and discussion
Analysis of the Ramaswamy et al. meta-set identified 741
genes differentially expressed between 64 primary solid
tumor samples and 12 metastatic tumor samples. The
complete list of these genes with functional annotation is
given in Supplementary Table 1 (Additional File 1). As
expected (see explanation in Methods section), this list is
much larger than the original 128 genes identified by
Ramaswamy et al. It is likely that there are some false pos-
itive differential genes mixed in, however the exact
number is not relevant to the analysis. Instead, we focused
on the biological function of the genes on the selected
shortlist. This function can be estimated through the anal-
ysis of the biological pathways, canonic interaction maps
and gene ontology categories found within the shortlist.
Analysis of statistically overrepresented pathways in the
shortlist of differential genes revealed 19 canonic pathway
maps (by GeneGo Metacore version) with confidence
level p = 0.05 (adjusted for FDR). The chart of overrepre-
sented metabolic maps is given on Figure 1. Analysis of
the same shortlist of differential genes with the DAVID
Functional Classification tool [21] also reveals 6 clusters
of gene functions with 3 to 6 members-functional catego-
ries (GO terms, PIR keywords, etc.) significantly overrep-
resented with p < 0.05 after FDR (Benjamini-Hochberg)
adjustment. These results, presented in Supplemental
Table 1 (Additional File 1), are based on algorithms and
knowledge bases different from those of GeneGo Meta-
core. However, scrutinizing the contents of these results
allows reconstruction of the underlying biological proc-
esses, which are common, robust and reproducible in
experiments.
The most remarkable among the pathways differentially
represented between primary and metastatic tumors are
extracellular matrix/cell adhesion/cytoskeleton remode-
ling and oxidative phosphorylation. The most common
pathways break into three classes: a) related to remode-
ling of internal cellular structure; b) related to alterations
in cellular metabolism; and c) alternations in cell surface,
antigen presentation and cell adhesion. Pathways related
to cell cycle regulation are also found among differential
genes.
Detailed analysis of each overrepresented pathway would
be far beyond the scope of this study. However, it is appro-
priate to comment on key processes reflected by the met-
abolic maps.
One of the most strongly and consistently altered path-
ways in all evaluated datasets involves glucose utilization,
specifically down-regulation of major components of oxi-
dative phosphorylation (Figure 2) and up-regulation of
genes in the glycolytic pathway (Figure 3). Down-regu-
lated genes included mitochontrial ATPase pathway
members, cytochrome oxidase, and NADH dehydroge-
nases. The phenomenon of prefential use of glycolysis for
ATP generation in tumors was first observed by Otto War-
burg in the first half of the 20th century (as early as 1925)
[22-24]. However, more recent studies have demonstrated
that exaggeration of the Warburg phenomenon through
inhibition of mitochondrial function may promote
metastasis via enhancement of tumor cell invasion and
reduced sensitivity to apoptosis [25-27]. Furthermore,
other groups have recently demonstrated reduction in oxi-
dative phosphorylation-related genes in metastases versus
primary tumors using genomic methods [28,29] and cor-
relation of reduction in ATP synthase function with out-
come in patients with lung and colorectal cancer [30,31].Page 4 of 13
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Genes differentially expressed between primary and metastatic cancers in the oxidative phosphorylation pathwayFigure 2
Genes differentially expressed between primary and metastatic cancers in the oxidative phosphorylation path-
way. Relative change and direction of change in transcript abundance of differentially expressed are marked with color flags. 
Red color designates higher and blue color designates lower transcript abundance compared to average between primary 
tumor (1) and metastatic samples (2). The legend for GeneGo pathway maps is given in Supplemental Figure 6 (Additional File 
1).
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astatic potential, the broad conservation of alterations in
bioenergetic pathways in metastatic tumors across tumor
types and datasets suggests that interference with glyco-
lytic pathways might be a viable therapeutic strategy for
the prevention of metastasis. Glycolytic pathway analogs
such as 2-deoxyglucose and 3-bromopyruvate are show-
ing promise as therapeutic agents targeting hypoxic pri-
mary tumor cells [32], but have been poorly evaluated as
antimetastatic drugs. However, a recent study demon-
strated inhibition of pancreatic cancer metastasis in mice
treated with 3-bromopyruvate when combined with a
heat shock protein 90 inhibitor [33]. Furthermore, epige-
netic therapies such as histone deacetylase and DNA
methyltransferase inhibitors have been shown to reacti-
vate expression of oxidative phosphorylation genes [34],
conceivably reducing metastatic potential and suggesting
that some alterations in this pathway may be epigeneti-
cally regulated.
Another critical pathway in our analysis that was differen-
tially expressed robustly in primary versus metastatic
tumors involves the extracellular matrix, cell adhesion,
adhesion-mediated signal transduction and cytoskeletal
organization, all of which are cooperatively important in
the metastatic cascade.
Glycolysis pathwayFigure 3
Glycolysis pathway. In spite of the fragmentary nature of the composed meta-set, the Warburg effect is still reflected in the 
pathway map through increased abundance of lactate dehydrogenase (LDHB). Relative change and direction of change in tran-
script abundance of differentially expressed are marked with color flags. Red color designates higher and blue color designates 
lower transcript abundance compared to average between primary tumor (1) and metastatic samples (2). The legend for 
GeneGo pathway maps is given in Supplemental Figure 6 (Additional File 1).Page 6 of 13
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reductions in collagen, fibronectin, and a shift in keratin
isoform expression (Figure 4). These reductions in cell
matrix proteins could theoretically facilitate cell motility
and enhance extravasation. The cell adhesion molecules
CD63 and CD151 were upregulated in metastatic tumors
as well. Experimental and clinical literature demonstrates
a role for CD151 in metastasis [35,36]
Differential expression of some key proteins responsible
for adhesion-mediated cell signaling (RhoA, talin,
moesin, ezrin, SPARC) was also observed (Figure 5).
Encouragingly, up-regulation of some well-characterized
metastasis-associated genes such as RhoA and ezrin was
observed. RhoA plays a key role in regulating the actin
cytoskeleton and controlling cell motility, cell-cell interac-
tions and intracellular trafficking [37]. Upregulation of
RhoA has been associated with metastasis and/or negative
outcome in carcinomas of the liver, kidney, esophagus,
and urinary tract [38-40]. Upregulation of ezrin has been
implicated in metastasis of diverse tumor types, such as
osteosarcoma, soft-tissue sarcomas, pancreatic carcinoma,
and head and neck carcinoma among others [41-46].
Significant upregulation of important cytoskeletal com-
ponents such as actin, tubulin and vimentin was also
Alterations in extraceullular matrix and secreted proteins associated with metastatic cancerFigure 4
Alterations in extraceullular matrix and secreted proteins associated with metastatic cancer. Relative change and 
direction of change in transcript abundance of differentially expressed are marked with color flags. Red color designates higher 
and blue color designates lower transcript abundance compared to average between primary tumor (1) and metastatic samples 
(2). The legend for GeneGo pathway maps is given in Supplemental Figure 6 (Additional File 1).Page 7 of 13
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Alterations in adhesion-mediated signaling and cytoskeleton remodeling in metastatic cancerFigure 5
Alterations in adhesion-mediated signaling and cytoskeleton remodeling in metastatic cancer. Relative change 
and direction of change in transcript abundance of differentially expressed are marked with color flags. Red color designates 
higher and blue color designates lower transcript abundance compared to average between primary tumor (1) and metastatic 
samples (2). The legend for GeneGo pathway maps is given in Supplemental Figure 6 (Additional File 1).
BMC Bioinformatics 2008, 9(Suppl 9):S8 http://www.biomedcentral.com/1471-2105/9/S9/S8observed. These proteins play a key role in cell motility,
invasion, cell division and intracellular transport, and dif-
ferential expression of these members has been impli-
cated in human tumor progression as well [47,48].
Increased vimentin is a well-defined phenotypic indicator
of epithelial-mesenchymal transition, which has a known
association with carcinoma aggressiveness [48].
Several components of the extracellular matrix – cell
adhesion – adhesion-mediated signaling – cytoskeleton
pathway have the potential for "druggability". For exam-
ple, small molecule inhibitors of RhoA are in develop-
ment [49,50], and rapamycin and its analogs have been
shown to inhibit the ezrin-associated metastatic pheno-
Alterations in the antigen presentation pathway observed in metastatic tumorsFigure 6
Alterations in the antigen presentation pathway observed in metastatic tumors. Relative change and direction of 
change in transcript abundance of differentially expressed are marked with color flags. Red color designates higher and blue 
color designates lower transcript abundance compared to average between primary tumor (1) and metastatic samples (2). The 
legend for GeneGo pathway maps is given in Supplemental Figure 6 (Additional File 1).Page 9 of 13
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aling [51].
The antigen presentation pathway in Figure 6 also reflects,
in part, cytoskeleton remodeling: metastatic samples
show increased expression of beta-2-microtubulin in the
endoplasmic reticulum. All other elements of the antigen
presentation pathway found in the differential genes
shortlist are down-regulated. Remarkably, the most
down-stream elements of the pathway, the final effectors,
are the most down-regulated. Immune avoidance is
thought to be another key component in successful metas-
tasis; tumor cells must be able to survive in the circulation
and avoid immune destruction upon arrest in the end-
organ. Furthermore, evidence exists for epigenetic sup-
pression of antigen presentation in tumor cells, and
potential reactivation of expression through drugs block-
ing histone deacetylase and/or DNA methyltransferase,
leading to enhanced tumor cell immunogenicity [52-54].
How reproducible are the results of computational analy-
sis of an artificial meta-set of primary and metastatic
tumors? We cannot possibly repeat the sample collection,
RNA extraction and hybridizations. However, since the
time Ramaswamy et al. have published their results there
have been quite a few publications reporting microarray
analysis of primary vs. metastatic tumors, and the data are
available from the public databases such as GEO http://
www.ncbi.nlm.nih.gov/geo. We have extracted and ana-
lyzed a few of these new data sets [4,6] using the same
analysis pipeline. The final results of these analyses are
lists of statistically significant pathways, molecular func-
tions and GO terms within the shortlist of potentially dif-
ferential genes. These lists show remarkable agreement in
all studies. Comparison of the pathways represented in
these lists reveals none unique to any of the 3 data sets,
only common and similar (Supplemental Figure 4 in
Additional File 1). Overall, the Ramaswamy et al. meta-set
produces a shorter list of potentially differential genes and
further analysis yields fewer significant pathways. This
result is not surprising taking into account that many
small differences reproducibly observed in each single-tis-
sue experiment have been leveled in composing the meta-
set. However, the essential features reflecting the meta-
bolic changes between primary and metastatic tumors are
apparent in every analyzed data set. The oxidative phos-
phorylation pathways with most components down-regu-
lated, cytoskeleton remodeling and cell adhesion-related
pathways are always found among the longer lists of sig-
nificant pathways in the specific colon and breast cancer
datasets. Remarkably, the suppressed oxidative phospho-
rylation pathway is always near the top of the most statis-
tically significant pathways.
Taken together, there are dramatic changes in gene expres-
sion between primary and metastatic tumors; some are
quantitative whereas others reflect a new pattern of
expression. But how consistently are those changes
revealed by a loose non-parametric J5 procedure? This
selection procedure gives no estimation of confidence
level for the individual genes. In turn, estimation of signif-
icance for the biological pathways is very approximate at
best: it does not fully account for interdependencies in
gene expression. Pathway maps include genes arbitrarily
and the database of gene interactions is filled manually by
multiple experts scanning the peer-reviewed literature, i.e.
prone to errors and contradictions. These databases and
associated tools for pathway analysis have improved sig-
nificantly in recent years, but quantitative estimation of
pathway significance still needs additional validation. In
order to select only the most reliably over-represented
pathways, we performed a bootstrap analysis randomly
re-sampling 50% of the short-listed genes. Comparative
analysis of over-represented pathways in the randomly re-
sampled and original shortlists is given in Supplemental
Table 6 and Supplemental Figure 5 (Additional File 1).
The main pathways are remarkably robust. The genes
(putative biomarkers) diagram is dominated by "similar"
pathways, i.e. belonging to the same pathway map or
involved in the same cellular function. There are also
some "common" genes (i.e. genes representing the same
pathway, which is still statistically significant in the ran-
domly selected half-list) and no "unique" genes (i.e. rep-
resenting unique, but statistically significant pathways).
This observation leads to important conclusions: a)
microarray experiments may yield extensive variation in
specific differentially expressed genes, but are robust and
reproducible in elucidating differentially expressed path-
ways; b) random re-sampling of the large list of differen-
tially expressed genes provides no proof of true difference
for any single gene, but the list in general has few (if any)
false-positive genes. The latter statement is controversial
since the common goal of the inference in microarray
analysis is to reduce the dimensionality of the feature
space and select a small number of truly differential genes.
After selection of a shortlist using a t-test or one of its var-
iants, the number of differentially expressed genes is fur-
ther reduced by application of a False Discovery Rate
procedure (typically Benjamini-Hochberg) [55,56]. Some
authors even claim that microarrays are not optimal for
pathway analysis because of poor reproducibility of the
resulting pathways [57]. Our study suggests the opposite.
The previously discussed problem of pathway reproduci-
bility is caused by the misconceived methodology, more
specifically in the strategy of microarray data analysis.
Apparently, applying stricter criteria for selection of differ-
entially expressed genes results in a very small number of
candidates that are further reduced by FDR adjustment.
The few remaining candidate genes have a much betterPage 10 of 13
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array experiment and validated by other techniques such
as real-time RT-PCR or immunohistochemistry. On the
other hand, a shorter list of candidate genes undermines
the basis for the pathway analysis, rendering overrepre-
sentation statistics powerless. This may explain the poor
reproducibility of pathway analysis in some studies [57].
Such a stringent approach to biomarker selection relies
entirely on the signal intensity and associated statistics.
This approach can be very effective in cases of lethal muta-
tions, congenital disorders and other diseases caused by a
single or few factors. However, in complex multifactorial
diseases, the most highly expressed genes and most repro-
ducible differences in gene expression often turn out to be
non-specific final effectors, downstream of important
switches and regulators in biological pathways. Cancer in
general and metastasis in particular are the examples of
such multifactorial diseases. Application of a systems biol-
ogy approach, considering not just the effect of single
mutated/healthy genes, but entire networks of interlinked
and constantly interacting genes is required not only for
understanding the mechanism of disease, but also for the
selection of diagnostic and prognostic markers, as well as
potential therapeutic targets. As we have demonstrated,
the pathways are sufficiently reproducible and robust to
serve this purpose. The prevailing methodology in micro-
array analysis has an internal contradiction: it calls for a
strict selection of candidate genes that can be independ-
ently verified one by one, but systems biology calls for
analysis of large numbers of genes. Furthermore, the
number of replicates affordable for a typical microarray
study is usually insufficient for reliable reproduction of
expression in low-expressed genes. However, important
biological functions specific to disease are often per-
formed by low-expressed genes. Pathway analysis has the
power to identify such signal transducers and key tran-
scription factors only if a large enough number of candi-
date genes are input. To resolve this contradiction, we
propose an extension of the current prevailing methodol-
ogy.
First, the analysis pipeline has to be extended to incorpo-
rate functional annotation and pathway analysis. Second,
selection of the candidate genes cannot be performed
based solely on the intensity of signal and its change in
the experiment. Instead, we propose to consider this step
a pre-selection and relax the criteria for "differential"
genes. Third, FDR correction should not be applied to a
pre-selected "long list" of candidate genes. Combined
with a relaxed selection threshold, this will inevitably cre-
ate an influx of false-positive genes, which can be
addressed subsequently. Fourth, the "long list" is analyzed
in order to identify statistically overrepresented biological
pathways, GO terms, molecular functions (as imple-
mented in DAVID, IPA and MetaCore software) and gene
set enrichment (for example, using GSEA or SAFE meth-
ods [17,18]). It is at this stage of analysis that multiple
testing adjustments (Bonferroni, or better FDR) should be
applied. Most available software, both free (DAVID tools
[21]) and commercial (such as IPA and Metacore) have at
least one method of false-positive control implemented.
However, we still recommend additional techniques, such
as the bootstrapping experiment described above, for
computational validation of significant pathways. Finally,
the discovered statistically significant pathways, gene sets
and molecular functions should be used to reverse-engi-
neer the molecular mechanism of disease and select one
or more potential biomarkers and drug targets. In our
approach, it is important to combine numeric analysis
with biological reasoning and deduction.
The proposed analysis strategy is not yet implemented in
a single analysis tool, although all the components have
been developed and some of the software packages (such
as ArrayTrack [58]) offer partial integration; pathway anal-
ysis packages, although independent, can be easily
invoked from within the microarray analysis software. In
the future, we would like to unite all the tools used for sys-
tems biology analysis of biomarkers in a single automated
software pipeline.
Systems biology approaches to analysis of existing public
data reveal a large number of new features overlooked in
the original analyses. Meta-analysis and cross-examina-
tion of a few data sets allows identification of prospective
markers and drug targets. The present day databases avail-
able for systems biology empower the researchers beyond
the dreams of only a few years ago. Now for each identi-
fied significant pathway, we may also correlate expression
data with known conserved transcription factor binding
sites, and employ siRNA-mediated gene knockdown and
known pharmacologic inhibitors (pharmacoprobes) to
interrogate the phenotypic effects of interference with
identified pathways. The systems approach described here
allows identification of a number of key pathways that
may serve as therapeutic targets for controlling the meta-
static transition of primary solid tumors.
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